What is the most credible way to convey the risk in expert forecasts to the nonexpert decision makers who use the forecast? We test two ways to communicate this information: provide an unequivocal recommendation or equivocate by providing the probability of the uncertain event of interest. We use a simple game in which human subjects (the forecast users) decide whether to take a risk of a loss or pay a cost to avoid the risk. We find that the influence of forecast information differs depending on whether the information implies that the decision maker should take the status quo action, the preforecast optimal action, or the siren action, optimal only if the period-by-period forecast implies it. Unequivocal recommendations are more successful at inducing the status quo action. Equivocating by providing probabilities is more successful at inducing the siren action. Unequivocal recommendations to take the siren action are less effective because the false certainty makes them more vulnerable to the "cry wolf" effect. A forecast that combines probabilities with recommendations captures most of the gains of the separate approaches. A follow-up study examines whether an explanation of how risk quantities inform recommendations can substitute for providing the risk quantities in the forecast. The study finds little evidence in support of this proposition. 
Introduction
Many business and personal decisions involving risk have a cost-loss structure: the critical question is whether or not to take a cost to avoid the risk. Making an informed decision requires an assessment of how much risk there is (Weber 1994, Fox and Tversky 1998) . 1 For many practical problems, experts use formal models to forecast these risks while a separate set of nonexpert users make the decisions.
Forecast guidance derived from expert models is an increasingly common feature of modern life; widely socially available, it guides decisions big and small, from improving emergency responsiveness (Green and Kolesar 2004 , Craft et al. 2005 , Pinker 2007 , to managing supply base diversification, to purchasing auto insurance. The forecast for all these specific applications is inherently uncertain. And, in fact, given the ready availability of "big data," the models created by business analysts, meteorologists, climatologists, epidemiologists, and economic and finance professionals, among others, routinely churn out quantitative estimates, such as probabilities, for the various events of interest.
The larger research question we address is how to design forecast guidance for nonexpert users. In theory, the critical information a decision maker needs is the probabilities over the relevant contingencies. In practice, the estimates of risk that currently reach end users are sometimes vague or nonexistent. Forecasters sometimes opt for providing only a best-guess point estimate (a single contingency). But by itself, a best-guess point estimate deprives users of the risk information critical to making the optimal decision. Concerns about the point estimate approach have driven a push to include more measures of risk in publicly available forecasts. For example, after some study, probabilistic information has become more readily available in weather forecasting (U.S. National Research Council 2006) . Reporting standards are, however, uneven across fields, as emphasized by Silver (2012) , who points to specific deficiencies in economic and political forecasting.
Providing the relevant probabilities is a straightforward way of conveying forecast uncertainty to end users. Previous studies find that providing quantitative measures of risk can improve the quality of decisions relative to only providing best-guess point forecasts (Papastavrou and Lehto 1996) , although quality falls short of the maximum benefits possible (Roulston et al. 2006) . Decision makers have limited ability to process information (Kahneman 2003) , including risk information represented numerically (Erev et al. 1993) , so there Management Science, Articles in Advance, pp. 1-18, © 2017 INFORMS are reasons to believe that this gap between theory and actual performance will persist.
In this paper, we report on an experiment that investigates the (relative) efficacy of providing risk information as a probability versus providing an unequivocal recommendation of the best course of action (based on the probability forecast). The recommendation approach ("You are in the path of a hurricane; you are advised to evacuate now.") is for the expert to both assess the risk information and draw conclusions about the appropriate course of action on behalf of the end user. Receiving forecast guidance in the form an unequivocal recommendation from an expert (e.g., financial analyst, economist, meteorologist, doctor or dentist) is a commonplace. It has the advantage of finessing the cognitive limitations surrounding the processing of quantitative information.
In the experiment we report here, each subject plays a series of cost-loss games. In each game, the decision maker, who is the forecast user, must choose between taking a risk of a loss with a certain probability P or avoiding the risk by paying a cost. Across treatments, we vary the magnitude of the cost, as well as the forecast information that we give our subjects. The forecast information takes the form of either the probability of the loss or an explicit recommendation of what action to take. The experiment includes treatments in which subjects have no (roundby-round) forecast information but only the long-term frequency of events. We study the influence of each kind of forecast information relative to having neither, as well as relative to one another. In addition, we study forecasts that combine probabilities with recommendations. Budescu et al. (2012) show that presenting probability ranges together with verbal probability terms improves user consistency in interpreting forecast guidance, so it is plausible that combining probabilities with recommendations might have a similar effect on the decisions studied here.
An important issue is how the credibility or trust that users put in the forecast changes as users gain experience with the forecast. There is an extensive literature to show that false alarms lead to less compliance with future alarms, a behavioral regularity known as the cry wolf effect (e.g., Breznitz 1984 , Bliss et al. 1995 , Meyer and Bitan 2002 . A forecast that is ex post wrong or misleading can be thought of as false alarm (Roulston and Smith 2004) . Studies of peoples' preferences for forecast information suggest how false alarms might lead to a cry wolf effect: preferences for forecast information exhibit an accuracy-informativeness trade-off, and on balance, decision makers tend to prefer forecasters that disclose the risk or uncertainty Foster 1995, 1997) . In fact, people prefer forecasts in which the communicated uncertainty matches the true uncertainty in the underlying decision context ; see also Budescu and Wallsten 1987) .
Because it does not communicate uncertainty, a recommendation that proves to be a false alarm might lead to a loss of trust in the forecaster and hence a cry wolf effect. Yet this reasoning might be on a continuum and apply to probability forecasts as well: in the game we study, each forecast probability implies a normative optimal action. A probability forecast can be taken as a false alarm when the implied action fails to be ex post correct. Even though a probability forecast, by its nature, communicates uncertainty, a false alarm might be viewed as evidence that the reported uncertainty fails to match the true uncertainty, leading to a loss of trust and a cry wolf effect. We test both recommendation and probability forecasts for cry wolf effects.
We also study how the framing of a forecast recommendation influences adherence to the forecast. Arkes et al. (1986) conduct a study in which subjects performed a task where the outcome had a random component. They find that subjects were more likely to adhere to a recommended rule after making incorrect judgments when warned that abandoning the rule was likely to lead to poorer performance (telling them that following the rule would result in a performance that was about as well as people can do had less effect). In our study, subjects are told that the recommendation is optimal in the sense that it maximizes the average expected payoff, and we study whether giving a more detailed explanation of the method behind this claim can improve adherence to the rule.
The experiment we report focuses on forecast probabilities in quantitative form. An extensive literature examines forecasts using verbal probability expressions. Verbal descriptions have the advantage of not suggesting overly precise estimations of uncertainty. At the same time, user interpretation of these terms is sensitive to context (e.g., Weber and Hilton 1990, Harris and Corner 2011) and often varies widely by the individual (e.g., Wallsten et al. 1986, Karelitz and Budescu 2004) .
The main contribution of our work is a laboratory demonstration of (what turned out to be) a rather subtle interplay between probabilistic forecasting in cost-loss games and the format in which forecasts are presented to users (probabilities versus recommendations). To our knowledge, this relationship has never been demonstrated before in either the cost-loss game or cry wolf literatures. We find that recommendation forecasts are more effective at inducing the status quo action when it is optimal. A second finding is that probabilistic forecasts are more effective at inducing the siren action when it is optimal. Our third finding is that the cry wolf effect is more strongly associated with recommendation forecasts, which might explain why they are not as effective at inducing a siren action (note Downloaded from informs.org by [129.110.241 .68] on 14 August 2017, at 13:09 . For personal use only, all rights reserved.
3 that the status quo action is optimal if one chooses to disregard the forecast).
In the next section we present the details of our experimental design, laboratory protocol, and analytical benchmarks. In Section 3 we present the results of the first study, starting with aggregate descriptive statistics, then individual-level analysis, and following with the dynamic analysis to determine the effect of the cry wolf effect. In Section 4 we present the results of the second study, again starting with descriptive statistics and following with the dynamic analysis. In Section 5 we summarize our conclusions and discuss managerial implications.
Design of Experiment and Materials
We display the extensive form of the cost-loss game graphically in Figure 1 . The decision maker chooses between taking a risk of a loss with probability P or avoiding the risk by taking a cost. In all our treatments, Loss ⇤ 100 tokens. Some subjects play the game with a high cost (Cost ⇤ 75 tokens); others play with a low cost (Cost ⇤ 25 tokens).
The main condition manipulation is the information decision makers have about probability P, the value of which varies each game. At the beginning of each condition of the experiment, subjects are told that the probability of the loss event will average to 50% over the series of cost-loss games. In the baseline Neither conditions, this is all the information subjects are given. In the other conditions, subjects receive roundby-round forecast guidance. In the Probability conditions, forecast guidance is communicated as the actual value of P for that round. In the Recommendation conditions, guidance takes the form of advice: "take the risk" or "take the cost" (the value of P is not provided). Finally, in the Both conditions, both probability and recommendation are presented together.
In determining the expected-cost minimizing decision, one should weigh the cost of taking preventive action against the expected loss from no action. The expected value optimal decision for the cost-loss game is to take the risk as long as P ⇥ Loss < Cost or P < Cost/Loss. Otherwise, the expected value optimal decision is to take the cost. We will take the expected value optimal decision as our benchmark and hereafter refer to it as simply the optimal action.
2
When the only available information is that the probability P averages 0.5, the optimal action for subjects facing the low cost treatment (Cost ⇤ 25) is to take the cost, while the optimal action for subjects facing the high cost treatment (Cost ⇤ 75) is to take the risk. When a round-by-round probability forecast is available, the optimal rule for subjects facing a low cost condition is to take the risk when P < 0.25 and take the cost otherwise. Subjects facing the high cost condition should take the risk when P < 0.75 and take the cost otherwise. The recommendation follows the same optimal decision rule, so that from the point of view of rational decision theory both probability and recommendation guidance should work equally well, whether provided separately or in combination.
3 The round-byround forecast of the probability provides far better information about the risk than does knowing only the average probability, so decision makers with roundby-round forecasts should experience fewer total losses (costs paid plus losses incurred from risks) than users who only know the average probability.
We will refer to the action that is optimal when no round-by-round forecast guidance is available as the status quo action. In this context, the function of the round-by-round forecast is to alert the decision maker that the status quo action should be abandoned in favor of what we will call the siren action. For convenience, these definitions are laid out in Table 1 .
Likewise, we can speak of a siren forecast and a status quo forecast depending on which action the forecast implies is optimal.
In our experiments, each decision maker completed 100 rounds of the cost-loss game. The forecast information given to the subject (Neither, Probability, Recommendation, or Both) depended on the treatment to which the subject had been randomly assigned, and this assignment remained constant throughout all rounds for each subject. Each subject participated in a single treatment.
We conducted two studies. In the first study we investigate the effect of recommendation and probability in two cost conditions (Cost ⇤ 25 and Cost ⇤ 75). In the second study we add an explanation to the directions given to subjects, describing how the recommendation is determined, and investigate whether this manipulation changes the interaction between recommendation and probability information, in the high cost condition (Cost ⇤ 75). At the beginning of each round, a subject was credited with 150 tokens. Individual round profit was then equal to 150 minus the cost or the loss depending on the subject's action and, if relevant, the actual loss that subsequently occurred that round. We conducted both studies at a laboratory dedicated to behavioral research. We implemented the experimental software using SoPHIE (Hendriks 2012) . Subjects were students at two major public universities in the United States. They volunteered, enrolling through a web-based recruiting system.
Prior to play, subjects read instructions (reprinted in the Appendix A). The monitor then read the instructions aloud and answered any clarification questions. All decisions were made on a computer. In each game, subjects knew that the loss amount was 100 and the cost amount was either 25 or 75, depending on the condition. Forecast information depending on the condition (Neither, Probability, Recommendation, or Both) was made available prior to subjects making a decision of whether to take the risk or take the cost. A random draw from a uniform distribution, consistent with the probability P of loss for that round, determined the outcome of the situation. Draws were independent across subjects, games, and periods and were displayed to the subjects independent of the decision they made. The draw realization and payoff outcome was then displayed to the decision maker. No additional feedback was given between games. At the end of the session, the total tokens a subject earned across all rounds were converted to U.S. dollars at a rate of 1,000 tokens equal to $1, and each subject was paid his or her own earnings in cash. The average earnings per subject, including a $5 show-up fee, were $17. Sessions lasted approximately 45 minutes.
Study 1
3.1. Design Study 1 had a 2 (cost conditions) ⇥ 2 (information conditions) ⇥ 2 (probability conditions) full factorial Probability not provided Probability provided Probability not provided Probability provided
Recommendation not provided Low Neither Low Probability High Neither High Probability
design for a total of eight treatments. In the Probability conditions, subjects were shown the loss probability that pertains to that round. In the Recommendation conditions, we described the recommendation as follows:
Each round, you will be given Advice of whether to Take the Cost or Take the Risk. The Advice has been determined in a way that on average, if you follow the Advice you will earn the most money possible. You are not required to take the advice. Note that the Advice does not guarantee that you will make the most money possible in any given round. It is possible that when the advice is Take the Risk, the Loss does occur. It is also possible that the Advice is to Take the Cost, and the Loss does not occur. Table 2 summarizes the experimental design and sample sizes. The eight treatments are labeled according to cost and information condition (e.g., "low cost").
Overall Results
We begin by plotting the proportion of decisions to take the cost over time, for the low cost conditions in Figure 2 and for the high cost conditions in Figure 3 .
There are several observations to make. To begin, the figures show that in both "Neither" conditions, decisions are independent of the forecast optimal decisions. This is as expected since subjects in the Neither conditions did not have access to the round-by-round forecast information. Also observe that the majority of actions taken in the Neither conditions are the status quo actions: take the cost in the low cost condition and take the risk in the high cost condition. Next, observe that providing forecasts results in an increase in the proportion of optimal actions in all information conditions. However, different information conditions result in different behaviors in terms of the frequency of observing the optimal action and the variability of behavior.
To further investigate how different information affects behavior, in Figure 4 we plot the proportion of the time the optimal action was chosen in each condition separated by the cost condition, and broken out on whether the optimal action was to take the risk or take the cost. The figure also displays average frequencies and corresponding standard errors based on subject averages. Downloaded from informs.org by [129.110.241 .68] on 14 August 2017, at 13:09 . For personal use only, all rights reserved. Figures 4 and 5 display a duality with regard to status quo and siren actions. Specifically, observe the similarity of the frequency of the status quo actions across high and low conditions (take the risk in the high cost condition; take the cost in the low cost condition) in terms of both level and order across information conditions. The same kind of similarity holds for the frequency of siren actions (take the cost in the high cost condition; take the risk in the low cost condition). The pattern of (in)significance in Figure 5 has the same configuration. The duality suggests that the effect of forecast information depends largely on whether the information implies that the decision maker should take the status quo or the siren action, less on whether the status quo (siren) action is to take the cost or risk. In what follows, we use this duality to organize the analysis. Section 3.2 includes formal statistical evidence that the influence of status quo and siren actions is largely independent of the cost variable.
Absent forecast information, subjects take the status quo action with a frequency of 77% and 70% in High Neither and Low Neither conditions, respectively. Getting a recommendation forecast to take the status quo action significantly increases these frequencies to 86% and 87%, although the former increase is only weakly significant. Receiving a probability forecast that implies that the status quo action is optimal increases the frequency of taking the status quo action, but not by as much (81% and 78%) and significantly only in the latter case. Moreover, a direct comparison of recommendation and probability forecasts shows the former to lead to significantly higher compliance rates with the status quo forecast. The conclusion is that recommendation forecasts are more effective at improving compliance with the status quo action than are Downloaded from informs.org by [129.110.241 The frequency of the siren action, absent forecast information, is about 22% and 28% in High Neither and Low Neither conditions, respectively. Both recommendation and probability forecasts increase the compliance with the siren action. However, now, the probability forecast exhibits the greatest increase: 88% versus 62% and 94% versus 68% for high and low cost, respectively; both differences are significant. The conclusion is that probability forecasts are more effective at increasing compliance with the siren action than are recommendation forecasts.
Given that recommendation forecasts are best at inducing the compliance with the status quo action and that probability forecasts are best at inducing the compliance with the siren action, we might think that a combination of the two would capture the best of the two effects. This is almost correct. The combination forecast performance is near but not quite as high as the best performances of the individual forecast in both categories: for status quo action, 83% versus 86% and 83% versus 87% for high and low cost, respectively; for siren action, 82% versus 88% and 91% versus 94%, respectively. The compliance frequencies that a combination forecast induces for the status quo (siren) action are not statistically different from those the recommendation (probability) forecast induces. Figure 6 classifies individuals into five categories based on the frequency with which the individual took the optimal action. Because individuals in the Neither treatment had neither probability nor recommendation information, the optimal action for the Neither treatment subjects was always the status quo; any siren action taken when the underlying roundby-round probability suggests it is optimal is merely coincidental. Overall, the individual-level analysis mirrors the aggregate analysis. Both, probability, and Downloaded from informs.org by [129.110.241 .68] on 14 August 2017, at 13:09 . For personal use only, all rights reserved. recommendation information are effective in terms of improving compliance with the siren action, but probability information results in significantly more individuals exhibiting high compliance rates (the black Figure 6 , panels (a) and (c)) than recommendation by itself. But recommendation is more effective in increasing the number of individuals who comply with the status quo action (the black bars in Figure 6 , >0% and ≤25% >25% and ≤50% >50% and ≤75% >75% and ≤100% panels (b) and (d)). Also, as with the aggregate analysis, compliance rates for the combination forecast are consistently in between those for probability and recommendation forecasts. To summarize, both recommendation and probability forecasts increase the frequency of compliance with the forecast optimal action relative to the baseline no forecast conditions, although the size of the increase and its significance vary. Recommendations are significantly more effective at inducing status quo action. Probabilities are significantly more effective at inducing the siren action. A forecast that combines probability and recommendation captures most the gains of the separate approaches. These conclusions hold on the aggregate as well as on the individual level.
Individual-Level Analysis

The Cry Wolf E ect
What accounts for the differences in performance between recommendation and probability forecasts? The initial hypothesis, that recommendations are more easily applied than are quantitative probabilities, fits well with the data related to status quo forecasts.
But then how can we explain the greater success of probabilities with siren forecasts? We might hypothesize that the reason has to do with risk aversion. The recommendations given to subjects assume they are risk neutral. The hypothesis would be that recommendations of siren actions are followed less often, relative to probability information, because the recommendation overestimates the subject's appetite for risk. The implication is that subjects should learn to follow the Downloaded from informs.org by [129.110.241 .68] on 14 August 2017, at 13:09 . For personal use only, all rights reserved. 9 recommendation to take the risk less frequently (relative to receiving probabilities) in both cost conditions. In fact, they follow the recommendation significantly less often in the high cost conditions but significantly more often in the low cost conditions. So risk aversion is not sufficient to explain the difference in probability and recommendation performance.
An alternative hypothesis is that recommendations for siren actions suffer from a cry wolf effect greater than that associated with probability forecasts. For probability forecasts, we define a forecast as a false alarm if the ex post optimal action is different from the ex ante optimal action implied by the forecasted probability. Table 3 summarizes the estimates of the panel logit models that we fit to explore this hypothesis. All models use random effects variables applied at the subject level to control for individual differences in decision making. We pool the data from the six conditions in which forecast information is provided (Probability, Recommendation, and Both for high and low cost conditions). In doing so, we relabel the cost-loss actions as either the status quo action or the siren action. 4 The second column in Table 3 provides a short description of each independent variable.
The dependent variable in all models is 1 when the siren action is taken and 0 otherwise; so in the high cost condition, the dependent variable is 1 when the decision was to take the cost, and in the low cost condition, the dependent variable is 1 when the decision was to take the risk. The explanatory variable CostH is 1 in the high cost condition and 0 in the low cost condition. We include this variable to test for differences attributable to cost level. Variable Opt is 1 when the calculated optimal decision given the forecast corresponds to the siren action and 0 otherwise, so in the high cost condition, it is equal to 1 when the forecast implies the optimal decision is to take the cost and 0 otherwise; in the low cost condition, it is equal to 1 when the forecast implies the optimal decision is to take the risk and 0 otherwise. To capture experience effects for taking the status quo and siren actions, we cross the Period variable (1, . . . , 100) with the indicator variable Opt and with (1 Opt). Model (1) takes a first look at the dynamics of the decision making. Here, as in all models, the Opt coefficient is positive and significant, thereby confirming that, overall, forecast information improves decision quality. Also, as in all, the CostH variable is not significant, indicating no difference in the pattern of status quo/siren decision making across cost conditions. On aggregate, experience leads subjects to learn to take the optimal action more often. The coefficient for Period ⇥ Opt is positive but not significant, and for Period ⇥ (1 Opt), it is negative and significant. The pattern is repeated in the other three models, and in Models (3) and (4), both coefficients become significant. So on aggregate, and with experience, subjects learn to take the optimal action, be it the status quo or siren action, more often with experience. For Model (2) we define the variable Wolf to be the total number of previous forecasts that turned out to be incorrect ex post-either the forecasted probability was greater than Cost/Loss but the loss did not occur or the forecasted probability was smaller than Cost/Loss but the loss did occur. So the Wolf variable is simply the total number of false alarms observed during the session through the current period. In Model (2) Wolf is negative but not significant, and adding it does not change either the sign or the significance of any of the other variables.
For the last two models we cross the variable Wolf with an indicator variable, Opt, which, as we explained above, is 1 when the optimal action is the siren action (take the risk in the low cost condition or take the cost in the high cost condition) and 0 otherwise. In Model (3) we add the Wolf ⇥ Opt variable to the explanatory variables in Model (2). Wolf ⇥ Opt is negative and highly significant, indicating that subjects become less likely to take the siren action the more false alarms they observed in previous periods.
For Model (4) we add a variable, Wolf ⇥ Opt ⇥ Rec, that interacts the Wolf ⇥ Opt variable with the indicator variable for recommendation only (without probability information). The coefficient to Wolf ⇥ Opt is still significantly negative, indicating that there is a cry wolf effect associated with providing probability information (with or without recommendation information). The coefficient to Wolf ⇥ Opt ⇥ Rec is negative and significant, indicating that in treatments in which the recommendation is provided without probability, when the recommendation is to take the siren action, observing more false alarms causes subjects to become less likely to comply with future siren forecasts.
We ran a number of robustness checks on the results reported in Table 3 . The results are summarized in the more extensive model estimates presented in Table B .1 in Appendix B. The latter model extends Model (4) of Table 3 by adding controls for forecast conditions, more extensive checks for differences across high and low cost conditions, and a check for a cry wolf effect in the combined probability-recommendation condition. All of the results reported in this section continue to hold with respect to estimated coefficient signs, size, and statistical significance levels. The estimated cry wolf effect for the combined probability-recommendation condition is not significantly different from that for the probability-alone condition. Also, the cry wolf effect is somewhat, and significantly, higher in the high cost conditions.
An additional robustness check, presented in Table B.2 in Appendix B, estimates the four models in Table 3 , replacing the Wolf variable by the Wolf/Periodthe average number of false alarms observed per period. Results in terms of the signs and significance levels of the variables that measure the cry wolf effect with respect to the compliance with the siren action are not affected.
To summarize, all of the forecast information forms we provided exhibit a cry wolf effect, which becomes larger when the recommendation is provided without probability information. The statistical analysis in Table 3 shows that false alarms (the Wolf variable in the analysis) detract from compliance with a siren forecast but not a status quo forecast. The intuition behind this result is that the loss of credibility from false alarms leads users to ignore the forecast, falling back on what they would do if no forecast were available. From the Neither treatments, what most would do is take the status quo action, implying the asymmetric influence on siren and status quo forecasts. Recommendation forecasts lead to a larger cry wolf effect than probability forecasts. The larger effect is consistent with the hypothesis that cry wolf effects are on a continuum, the size of the cry wolf effect from false alarms depending on the perceived gap between the stated and actual uncertainty.
Study 2
Study 2 was designed as a robustness check on Study 1 results showing recommendations that prove ex post incorrect suffer a higher loss of forecast credibility than the analogous probability forecast. Specifically, Study 1 instructions stated that the recommendation "has been determined in a way that on average, if you follow the Advice you will earn the most money possible," but the instructions provided no guidance on the method used to construct the recommendation. In Study 2, we study the hypothesis that a recommendation forecast would be less prone to the cry wolf effect, and therefore more effective, if users are informed of how the recommendation is formulated from the quantitative risk measure. If the hypothesis proves correct, then explaining that risk was taken into account can substitute for a forecast statement of the quantitative risk.
Design
Study 2 instructions given to recommendation forecast users add an explanation of how cost, loss, and probability of loss are used to derive the recommendation:
The Advice is based on comparing the Cost to the expected value of the Loss. If the expected value of the Loss is greater than the Cost, then the Advice will be to Take the Cost. If the expected value of the Loss is less than the Cost, then the Advice will be to take the Risk. In case of a tie (rare), the advice is determined at random.
The expected value of the Loss ⇤ Loss Probability ⇥ 100
It is the average loss we would expect over the long run (over many rounds) for a certain Loss Probability. Study 2 included four treatments, all in the high cost condition. The treatments were as follows:
1. Recommendation only (Rec 2), which is a replication of the recommendation treatment of Study 1 (N ⇤ 29).
Recommendation with explanation (Rec exp) included the explanation above (N ⇤ 29).
3. Recommendation and probability (Both 2), which is a replication of the both treatment of Study 1 (N ⇤ 30) .
4. Recommendation and probability with explanation (Both exp) also provided probability information (N ⇤ 30).
We conducted Study 2 at a university with a somewhat different student demographic than the university in which we conducted Study 1. Prior to running this study, we hypothesized the nature of the different demographic would lead to more forecast adherence (analyzed in Section 4.4). Figure 7 plots the proportion of decisions that take the cost over time for the four new treatments.
Overall Results
To further investigate how different information affects behavior, in Figure 8 we plot the proportion of the time the optimal action was chosen in the four Study 2 treatments, separated by the cost condition, and conditioning on whether the optimal action was to take the risk or take the cost. The figure also displays average frequencies and corresponding standard errors based on subject averages. Figure 9 presents results of pairwise rank-sum tests that compare the frequency of taking the optimal action for each pair of conditions in Study 2. The p-values below 0.10 are highlighted using shaded background.
It is clear from the above analysis that the main driver for improving the frequency of taking the optimal action is the presence of probability information. When added to a recommendation (with or without the explanation), showing the probability increases the frequency of taking the optimal action when this action is the siren action (take the cost) and decreases this frequency when the optimal action is the status quo action (take the risk). This is the same pattern that we observed in Study 1 for the siren action. For the status quo action, the decrease in following the optimal policy, observed when the probability is added to a recommendation, is statistically significant in Study 2 both when the explanation is given and when it is not. In Study 1 we also observed a decrease, but it was not statistically significant. The small decreases in the frequency of complying with the siren action, in Study 2, can be rationalized by some degree of risk aversion. A risk-averse individual would have a lower cutoff probability of a loss for switching from taking the cost to taking the risk than would a risk-neutral individual. This implies that for a risk-averse individual, the average loss probability at which the individual decided to take the risk would be lower than the same average loss probability for a risk-neutral individual. If loss probability is not shown, risk-averse individuals may still take the risk less frequently; however, there is no reason to expect any systematic effect on the average loss probability since these probabilities are not visible to them. In Figure 10 we plot average loss probabilities we observe in our studies in treatments with known loss probability (Prob) and analogous treatments with unknown loss probability (No prob). The figure also shows the risk-neutral benchmark. The average loss probability for take the risk decisions is significantly lower in Prob treatments than in analogous No prob treatments (p < 0.001 for all three comparisons). More germane to the noted risk hypothesis, the average loss probability in No prob treatments is above the risk-neutral benchmark of 0.375. And, by contrast, the average loss probability in Prob treatments is below the risk-neutral benchmark, significantly so for treatments without explanation (p ⇤ 0.0549 in Study 1 and p < 0.001 in Study 2) and not significantly for the treatments with explanation Downloaded from informs.org by [129.110.241 .68] on 14 August 2017, at 13:09 . For personal use only, all rights reserved.
(p ⇤ 0.212). So there is some evidence that risk aversion plays a role, although the role is rather small.
Providing the explanation for the recommendation seems to slightly increase the frequency of taking the optimal siren action when probability is not available, but because the increase is not significant, we conclude that the explanation has no clear effect. Table 4 summarizes the Study 2 estimates of the logit models for the same Models (1), (2), and (3) used in Study 1 (see Table 3 ). We omit the description column, as it is largely redundant. In Model (4) we measure the effect of probability information and recommendation explanation. Data from all four Study 2 treatments are used to obtain the estimated coefficients.
The Cry Wolf E ect
The estimates for Models (1), (2), and (3) are nearly identical in their magnitude and significance to the analogous models in Study 1. As before, the Wolf variable is not significant, but the Wolf ⇥ Opt variable in Model (3), that measures the cry wolf effect when the siren action is optimal, is negative and significant, indicating that on the whole, the cry wolf effect is present and degrades performance.
In Model (4) we measure the relative influence of our treatments on the cry wolf effect by including interaction variables with probability information (Prob) and the explanation of the recommendation (Exp). Probability information improves performance by partially mitigating the cry wolf effect, as does the explanation. The improvement from probability is larger ( 2 ⇤ 3.47, p ⇤ 0.0624 (one-sided)). The interaction variable Wolf ⇥ Prob ⇥ Exp is negative and significant, and the magnitude is the same as the Wolf ⇥ Opt ⇥ Prob variable ( 2 ⇤ 0.01, p ⇤ 0.9157 (one-sided)). This indicates that there is no additional benefit from providing both the explanation of the recommendation and the probability. In fact, including both pieces of information slightly increases the cry wolf effect.
Subject Pool E ect
For completeness, we tested whether our results are sensitive to the subject pool. Study 1 was conducted at a large public university in the rural part of the northeastern United States; subjects were mostly undergraduates, predominantly business or engineering majors, and foreign students constituted about 40% of that subject pool. Study 2 was conducted at a mediumsized university located in a large metropolitan area in Texas; subjects were predominantly foreign graduate students studying business or engineering. We do not find any subject pool effect when comparing the frequency of taking the optimal action (siren or status quo) in Rec and Rec 2 or Both and Both 2 (all p-values > 0.1).
We also estimated a logit model that included the four treatments: Rec, Rec 2, Both, and Both 2, with the first four independent variables the same as in Model (2) (see Table 4 ) and additional independent variables Pool and Wolf ⇥ Opt ⇥ Pool, where Pool is the indicator variable for treatments Rec 2 and Both 2. Neither variable was significant (p ⇤ 0.707 for Pool and p ⇤ 0.768 for Wolf ⇥ Opt ⇥ Pool), indicating that the cry wolf effect we reported is stable for two substantially different subject pools.
Summary and Discussion
Decisions under risk are increasingly made with the aid of expert forecasts. We report on results of a laboratory experiment designed to compare the relative effectiveness of two ways of providing forecast information: the probability of the uncertain event versus an unequivocal recommendation. Decision theory says that probabilities are sufficient to make the optimal decision. The potential value of an unequivocal recommendation (of action) is that it sidesteps the errors boundedly rational decision makers are prone to make, in applying quantitative measures such as probabilities, in solving decision problems. The potential downside is that an unequivocal recommendation that proves incorrect in hindsight might induce a cry wolf Downloaded from informs.org by [129.110.241 .68] on 14 August 2017, at 13:09 . For personal use only, all rights reserved.
effect, reducing the decision maker's compliance with future recommendations.
We studied these issues in a laboratory cost-loss game in two studies. In Study 1, subjects played in four forecast information conditions: Neither (no forecast information), Probability, Recommendation, and Both (probability and recommendation combined) and two cost settings (high and low). In Study 2 we conducted two treatments in which we provided a detailed explanation of how the recommendation is determined, and we compared the effect of these conditions to the recommendation only as well as the recommendation and probability conditions.
Regarding the efficacy of forecast formats, our findings from Study 1 are as follows: First, with a prior probability to go on and no period-by-period forecast (the Neither treatments), subjects are about three times more likely to take the expected value optimal actiontermed the status quo action-than to take the alternative siren action. Second, the influence of forecast information exhibits a strong duality in that, for a given forecast, the frequency with which an action is taken depends on whether it is status quo or siren, independent of whether the status quo (siren) action is to take the cost or take the risk. Third, both probability and recommendation forecasts increase the frequency of expected value optimal actions, although the pattern of effectiveness differs. Recommendation forecasts are more effective at inducing status quo action when it is optimal. Probabilities are more effective at inducing siren action when it is optimal. A combination forecast, providing both a recommendation and probability, captures most of the benefits of the individual approaches.
In Study 2 we provide a robustness check of those conclusions. We find that explaining how recommendation is determined does not significantly improve the frequency of taking either the status quo or the siren action, although the explanation does have a small mitigating effect on the cry wolf effect. We confirmed the finding that adding probability information on top of the recommendation increases the frequency of taking siren action when it is optimal. It also somewhat decreases the frequency of taking the status quo action when it is optimal. These results hold regardless of whether the recommendation was accompanied by an explanation.
Regarding the reasons for the differences in efficacy we identified, the differences in performance between probability and recommendation forecasts cannot be fully explained by risk aversion (because the frequency of talking the cost, when it is optimal, should not be affected by risk aversion), although we found evidence that risk aversion may play some role. The pros and cons of recommendation forecasts can explain much more of the difference: recommendations are more straightforward than probabilities to turn into optimal decisions. At the same time, they suffer from a cry wolf effect when the unequivocal recommendation turns out to be wrong in hindsight, reducing the decision maker's adherence to future recommendations. What our data show is that the cry wolf effect extends to probability forecasts as well, although it is higher for recommendations. Both probability and recommendations reduce compliance with siren forecasts, but more so for recommendations.
Our work has implications for designing forecast guidance and warning systems that are meant to convey expert forecast information to nonexperts who use the information to make decisions under risk. Perhaps most noteworthy, we find that providing probability information is most important in situations in which the recommendation is a siren action-an action that is contrary to the status quo action that would prevail absent a forecast. At the same time, our findings suggest that there is room for improvement since all forecasts we studied suffer from a significant cry wolf effect. Future work on forecast designs seeking to mitigate the cry wolf effect could have a large impact on the efficacy of expert forecast systems.
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Appendix B
We present two additional regressions that provide a slightly more nuanced analysis of the dynamics that we presented in Table 3 , and they demonstrate that our conclusions are quite robust. Model (1) is reprinted here for convenience-it is the same as Model (4) in Table 3 . In Model (2) we add variables for the recommendation only treatments (Rec) and the Both Treatments (Rec ⇥ Prob). The Rec variable is negative and significant, indicating that the compliance with the siren action is lower in the recommendation only treatment than in the probability only treatment (the baseline in these regressions). The Rec ⇥ Prob variable is positive and significant, indicating that adding probability to recommendation increases compliance with the siren action. Variables that interact Rec and (Rec ⇥ Prob) with CostH are not significant, confirming the behavioral symmetry in regard to complying with the siren action, in the high cost and low cost conditions. In Model (3) we test the extent to which there are differences in dynamics in the high cost condition. The variable (Wolf ⇥ Opt) ⇥ CostH in Model (3) is negative and significant, while the original Wolf ⇥ Opt variable also remains negative and significant, although the magnitude becomes smaller. This indicates that the cry wolf effect with respect to compliance with the siren action exists in both cost conditions, but it is a bit stronger in the high than in the low cost condition. Table B .2 presents the same set of models as in Table 3 , but the Wolf variables are normalized by dividing the cumulative number of false alarms by the number of periods. This change does not result in any fundamental differences in either the signs or the significance levels of the important variables. One difference is that in Model (3), variable Wolf/Period is positive and significant. The jump in the size of Wolf/Period from Model (2) may indicate some collinearity between Wolf/Period and other variables in the model-a potential reason to prefer the Table 3 Opt and Wolf/Period ⇥ Opt ⇥ Rec, remain negative and significant, as in the corresponding models in Table 3 .
Endnotes
1 Rottenstreich and Kivetz (2006) argue that there are two kinds of real-world decisions: ones in which people rely on estimating probabilities and others in which people instead rely on intuition and other nonprobabilistic cues.
2 If the subject is risk averse, then she should weigh the cost against the expected utility of the loss. But given the modest stakes of our experiment and the amount of repetition, the optimal rule based on expected losses is likely a good approximation of optimal play for all but the very risk-averse players. Most important, the major conclusions we draw are robust to the assumption that players are risk averse (see Section 3.2). 3 A potential pitfall is heterogeneity of costs and potential losses. In this case, a recommendation that is right for one forecast user may not be right for another. We do not deal with this issue here. 4 Recall that the status quo action is the action that is optimal absent a round-by-round forecast (take the cost/risk in the low cost/high cost condition). The siren action is the alternative to the status quo action. It is only optimal if the round-by-round forecast implies such.
